In this study a cross-correlation statistic is used to analyse the spatial relationship among stand characteristics of natural, undisturbed shortleafpine stands sampled during 1961-72 and 1972-82 in northern Georgia. Stand characteristics included stand age, site index, tree density, hardwood competition, and mortality. In each time period, the spatial cross-correlation statistic was used to construct cross-correlograms and cumulative crosscorrelograms for all significant pairwise combination of stand characteristics. Both the cross-correlograms and cumulative cross-correlograms identified small-scale clustering and weak directional gradients for different stand characteristics in each time period. The cumulative cross-correlograms, which are based on inverse distance weighting were more sensitive in detecting small-scale clustering than the cross-correlograms based on a 0-1 weighting. Further analysis suggested that the significant cross-correlation observed among basal area growth and other stand characteristics were due, in a large part, on a subset of sample plots located in the northern part of the state, rather than regional or broad-scale variation as first thought. The ability to analyse the spatial relationship between two or more response surfaces should provide valuable insight in the development of ecosystem level models and assist decision makers in formulating pertinent policy on intelligent multiresource management.
Introduction
Spatial autocorrelation characterizes the organization or pattern of some phenomenon at fixed localities. In testing for spatial autocorrelation, one is generally interested in discovering whether the phenomenon is randomly distributed, or whether there is some spatial order to their arrangement (Upton and Fingleton, 1985, pp. 151-213) . The null hypothesis is that the samples are independent of one another in space.
In a recent article Czaplewski et al. (1994) observed a significant positive spatial autocorrelation in the net growth of shortleaf pine (P. echinata Mill.) in northern Georgia during 1972-82. However, there was no significant spatial autocorrelation among residuals from a regression model that uses stand structure to predict net basal area growth. Czaplewski e t al. (1994) hypothesized that spatial patterns in stand structure accounts for the spatial variability observed in net basal area growth. The test of this hypothesis requires a procedure capable of analysing the spatial relationship between two or more variables.
In an attempt to address this question, researchers have frequently resorted to various methods of reducing the dimensionality of the data (Orloci, 1978, pp. 42-101) , and then employing one of several tests for spatial autocorrelation such as Moran's I statistic (Moran, 1948) , spectral analysis (Ripley, 1981, pp. 78-87) or the Mantel test (Mantel, 1967) . Unfortunately this approach does not address the question of whether or not two or more response variables are spatially correlated with one another.
Using a variation of Mantel's (1967) one-sample test statistic, Klauber (1975) developed the expected value and variance of a multivariate cross-product statistic, which tests for clustering in more than two samples. More recently, Wartenberg (1985) developed a multivariate spatial correlation statistic based on the Mantel-type coefficient used by Klauber (1975) for quantifying the spatial relations among a set of univariate data. The diagonal elements of Wartenberg's (1985) multivariate spatial correlation matrix are themselves Moran's I statistic, while the off-diagonal elements are bivariate cross-correlation coefficients, which Czaplewski and Reich (1993) refer to as Moran's bivariate Irz statistic. Because of difficulties in describing the 'distributional properties of these coefficients ' Wartenberg (1985) relied on principal component transformation for detecting spatial patterns. These techniques are also related to the cross-variograms that geostatisticians use for describing the cross-continuity between two or more variables (Isaaks and Srivastava 1989, pp. 60-64, 93-106) . It is also possible to obtain bivariate cross-spectra for identifying spatially displaced relationships which is similar to their major use in finding leads or lags in time series analysis.
In this paper, the cross-correlation statistic Irz is used to characterize the spatial structure of undisturbed, natural shortleaf pine stands in northern Georgia.
Data
The data used in this study is a subset of data from the USDA Forest Service, Forest Inventory and Analysis Program (FIA), for natural, undisturbed shortleaf pine stands in northern Georgia. The data were originally used by Bechtold et al. (1991) to detect a growth decline between 1961-72 and 1972-82 . Because of high rates of disturbances (from timber cutting, insect and disease infestations, and fire) the number of sample plots used to estimate basal area growth for undisturbed shortleaf pine stands varied in each time period (Bechtold et al. 1991) ; 127 plots for the 1961-72 period and 40 plots for the 1972-82 period. In spite of the presence of a few paired plots, the two data sets were assumed to be independent. The location of the FIA sample plots for the two time periods are depicted in Fig. 1 .
The data included the natural logarithm of gross annual pine basal area growth, m2/ha (G); site index m (S), which is a measure of stand productivity based on the height of dominant-codominant trees at 50 years of age; natural logarithm of stand age (A) which is the midpoint of 10-year classes; natural logarithm of the number of trees per ha (N); ratio of pine basal area to basal area of all species (P), which is an index of hardwood competition; and natural logarithm of annual basal area mortality, m2/ha (M) (Appendix B). To be consistent with previous studies, it was decided to use the transformed data instead of the original data. In their study Bechtold et al. (1991) Characteristics while Czaplewski et al. (1994) noted that a logarithmic transformation increased the power of Moran's I to detect spatial autocorrelation among slow growing plots. For a more detailed description of the data, see Bechtold et al. (1991) .
Methods

Cross-correlation coefficient Iyz
Given two response variables, say Yi and zi observed at n locations, an index expressing the spatial cross-correlation between two response variables can be expressed as follows (Wartenberg, 1985) :
where w/j is a scalar that quantifies the degree of spatial association or proximity between locations i andj (e.g. inverse distance between locations i and j, or a 0-1 variable indicating that locations i and j are within some distance range of each other); Yi is the observed value of variable y for plot i (i = 1,2,..., n), transformed to have a mean of zero; zj is the observed value of variable z for plot j (j = 1,2,..., n), transformed to have a mean of zero; W is the sum of all n 2 values of w/j; Var(y) is the sample variance ofyi; and Vat(z) is the sample variance ofzi. The expected value and variance of the cross-correlation statistic Irz is provided in Appendix A.
The denominator in Equation (1) (Cliff and Ord, 1981, p 21) .
The cross-correlation statistic was calculated for each pairwise combination of the six stand characteristics in each time period. In calculating lrz, inverse distance between sample plots was used as a weighting factor (wi]) to give more weight to the closest sample plots and less to those that are farthest away. The null hypothesis of no spatial autocorrelation was rejected when the p-value associated with the test statistic was less than 0.05. Moran's I was used to estimate the spatial autocorrelation associated with each of the six stand characteristics.
Cross-correlogram
A natural counterpart to testing the significance of the overall pattern is to see how this spatial autocorrelation changes with distance. The cross-correlation coefficient Iyz was used to construct correlograms for all significant pairwise combinations of the six stand characteristics. Distance categories (h) used in constructing the correlograms ranged from 0-10 km to 181-190 kin, in increments of 10 km. The null hypothesis of no spatial autocorrelation within a given distance category was rejected when the p-value associated with the test statistic was less than 0.05/19 = 0.0026. In testing this hypothesis binary weights (i.e. w• = 0 or 1) were used to designate whether the distance between a given pair of sample plots occurs in one of the 19 discrete distance classes.
Cumulative cross-correlogram
Regardless of whether a mosaic pattern exhibits any spatial autocorrelation or not, one may wish to have an objective measure of the spatial scale of the pattern under investigation. One method of calculating this scale is to use the cross-correlation statistic Iyz, to estimate the cumulative crosscorrelation as one radiates outward from a given sample point. This is similar to Greig-Smith's (1952) method of pattern analysis based on the use of contiguous quadrats for measuring aggregation. The parameter h in this case can be thought of as the radius associated with an area surrounding each sample point. If one graphs the change in the cross-correlation statistic Igz versus the parameter h, one should be able identify which distance category yields the strongest evidence of a spatial autocorrelation. As h increases so will the spatial autocorrelation until the imaginary area is close to that of the mean area of the pattern under investigation. If h is increased further, the cumulative correlogram reaches an asymptote if the patches are random or aggregated. The cumulative correlogram will decrease if the clusters are regularly distributed (Greig-Smith, 1952) . Finally, if the pattern is randomly distributed, the cumulative correlogram should remain constant with increasing distance (Greig-Smith, 1952) . A cumulative cross-correlogram was calculated for all significant pairwise combinations of stand characteristics. The null hypothesis of no spatial autocorrelation within a given distance category was rejected when the p-value associated with the test statistic was less than 0.0026.
Point cross-correlation coefficient
In doing any type of spatial analysis, researchers need to be aware of any potential problems due to outliers, extreme data or local anomalies (Haslett et al., 1991) . In such cases, inferences based on spatial autocorrelation analysis may be misleading. One way of identifying this type of variation is to use a method suggested by Czaplewski et al., (1994) , which decomposes the cross-correlation statistic Iyz to obtain the relative contribution each sample point has to the overall statistic. The point cross-correlation statistic, given by n ~ wijYiZj
represents the contribution of the ith element to the overall statistic. Summing across all samples plots (1 < i < n) will yield the sample cross-correlation statistic Iyz.
The location of each sample point is then plotted along with its corresponding point crosscorrelation coefficient. Areas with a large (positive or negative) point cross-correlation statistics surrounded by an area with small statistics indicates a local anomaly, or possible outlier. A flat plane of point-correlation statistics that differ from zero would suggest the presence of a gradient, while a plane near zero indicates no spatial autocorrelation.
Results
Basic statistics for the data in the two time periods are given in Table 1 . The Anderson-Darling (Stephens, 1974) test statistic confirmed that all stand characteristics except tree density and net basal area growth departed significantly from normality (c~ = 0.01) ( Table 1) . Tests for equality of variances (F-test) indicated less variability in site index in the first time period compared to the second time period, while the opposite was true for stand age and tree density. Sample plots in 1961-72 were also significantly younger than sample plots in 1972-82 (t-test). The results of a two-sample empirical goodness-of-fit coverage test (Mielke and Yao, 1990) suggested that the distribution of all stand characteristics, except basal area growth, differed significantly in the two time periods.
Estimates of the spatial autocorrelation and cross-correlation statistics for the six stand characteristics are summarized in Tables 2 and 3 , respectively. In the following discussion only variables showing significant spatial autocorrelation are discussed.
1961-1972
In the 1961-72 data, only site index and stand age exhibited a significant spatial autocorrelation (Table 2 ). However, the correlograms for the two variables were non-significant for all distance classes (Fig. 2a) . In contrast, the cumulative correlograms for site index and stand age indicated a significant spatial autocorrelation with increasing distance. The cumulative correlogram for stand age increased until it reached a maximum at approximately 40 km and then decreased thereafter. Such a pattern is characteristic of patches regularly distributed throughout a landscape (GreigSmith, 1952) . This small-scale clustering is apparent if one looks at the spatial distribution of age classes associated with individual sample plots (Fig. 3) .
The cumulative correlogram for site index increased steadily until it reached a maximum at 120km and then decreased slightly (Fig. 2b) . Such a trend is characteristic of a directional gradient. The correlogram for site index exhibited a decreasing trend from a positive to a negative autocorrelation with increasing distance which is an indicator of a gradient, but this trend was not significant (Fig. 2a) .
The cross-correlation statistic showed a significant positive spatial correlation between site index and stand age (Table 3) . Because of the spatial autocorrelation associated with stand age and site index, the significance of this outcome is uncertain in terms of the Type I error. The null hypothesis in the permutation test used in deriving the expected value and variance assumes that each observation is equally likely at each location. Therefore, the permutation procedure not only tests the hypothesis that there is no spatial cross-correlation between two variables, it simultaneously tests the hypothesis that neither of the two variables are spatially correlated. If the null hypothesis is rejected, as in this case, either of these two types of spatial correlation may exist. Taking this into consideration, if we examine the cross-correlogram for site index and stand age a significant negative spatial autocorrelation is observed at approximately 20 km (Fig. 2c) and was equal to zero around 40 km. The point at which the correlogram intercepts the x-axis is an indication of patch size (Sokal and Jacquez 1991). In contrast, the cumulative cross-correlogram reached a significant peak around 30 km (Fig. 2d) and then leveled off, again suggesting the presence of patches. Such a pattern could occur by chance when two surfaces with different spatial scales are overlaid to create a mixture of heterogeneous patches (Sokal and Jacques, 1991) .
1972-1982
In the second time period the natural logarithm of net basal area growth and site index had a significant positive spatial correlation (Table 2 ). There was also a significant negative autocorrelation associated with tree mortality. The correlogram for basal area growth indicated a significant positive spatial autocorrelation at 50 km (Fig. 4A) . The cumulative correlogram for basal area growth reached its first significant peak at 20 km and then levelled off after 50 km. Both the correlograms and cumulative correlograms for tree density ( Fig. 4a and 4c ) and mortality (not shown) were not significant indicating that both tree density and mortality were independent of neighbouring plots. Site index had a significant negative spatial autocorrelation at 160 km but its importance is somewhat questionable because of the few pairs of sample plots used in the calculation. It is possible, however, for populations with a gradient to exhibit long-distance negative spatial autocorrelations (Sokal, 1979) . This would be consistent with the pattern observed for site index in the first time period. The cross-correlation statistic showed a significant positive correlation of basal area growth and site index, tree density and hardwood competition (Table 3) ; basal area growth had a negative correlation with stand age. There was also a significant positive correlation between tree density and hardwood competition (Table 3) . The cross-correlogram for basal area growth and tree density (Fig. 4c) had a significant short distance positive correlation at 20km. A similar pattern was observed in the correlogram for basal area growth and hardwood competition, again indicating the presence of small scale patches. The cumulative cross-correlogram for site index and basal area growth increased steadily until it reached a maximum at 160 km. This peak corresponds to the long distance autocorrelation observed in the correlogram, both of which suggest the presence of a weak directional gradient between site index and basal area growth. A similar pattern was observed for the cumulative cross-correlogram of basal area growth and tree density (Fig. 3d) . The cumulative cross-correlogram for tree density and hardwood competition showed a significant positive spatial autocorrelation between 40 and 90 km, with a maximum at 70 kin. All of these correlograms indicate some type of patchiness, or the presence of a weak directional gradient.
Local anomalies
To help identify the presence of local anomalies or outliers, orthographic displays depicting the point cross-correlation coefficients were generated for stand characteristics having a significant cross-correlation statistic. sample plots located in northwestern Georgia. It is this clustering of sample plots with similar characteristics that we are detecting in the cross-correlograms. Similar patterns were observed in the point cross-correlation coefficient for site index and stand age in 1961-72 and basal area growth and tree density in 1972-82, though the former trend is not as strong as the latter (Fig. 6 ). This suggests that the significant cross-correlation observed among basal area growth and other stand characteristics are due to a subset of sample plots located in the northern part of the state and not as a result of a regional or broad scale variation as first thought. These results stress the importance of not relying on any one technique in interpreting spatial patterns, but suggests that a variety of techniques should be used to get a better understanding of the pattern under investigation.
Discussion
This paper discusses the use of a cross-correlation statistic to highlight the spatial structure common to a set of response surfaces. The technique is demonstrated by analysing the spatial relationship of stand characteristics of natural undisturbed shortleaf pine stands in northern Georgia. Results of the spatial analysis identified small scale clustering and weak directional gradients for several stand characteristics in each time period. While there is no direct evidence to suggest the presence of a true gradient, Bocquet-Appel and Sokal (1989) point out that the weak directional gradients such as the ones observed in this study may be due to a simple autocorrelated processes at the local level. In this study, the significant long distance negative spatial correlation of basal area growth and site index was due to a cluster of slow growing plots in northern part of the state. Such patterns seem reasonable considering the forest landscape is ever-changing as land-use patterns change, and individual stands are subjected to disturbances of varying types, intensities, and frequencies. The ability of the cross-correlation statistic to detect small scale clustering varied depending on the weights used. The cumulative correlograms, which were based on inverse distance weighting, were more sensitive in detecting small scale clustering. These small-scale patterns went undetected in the correlograms using a 0-1 weighting. This is not to say that inverse distance weighting is necessarily better than some other weighting scheme.
Since the researcher does not know a priori the underlying spatial structure of the data, in most cases, there is a danger of interpreting the results in terms of the existence of distinct clusters even when this is not the case. In fact, the small scale clustering observed in this study may be due, in part, to the natural clustering of sample plots in the forest landscape which we were not able to take into consideration when using inverse distance weighting. 
